ABSTRACT: A major goal in drug design is the improvement of computational methods for docking and scoring. The Community Structure Activity Resource (CSAR) has collected several data sets from industry and added in-house data sets that may be used for this purpose (www.csardock.org). CSAR has currently obtained data from Abbott, GlaxoSmithKline, and Vertex and is working on obtaining data from several others. Combined with our in-house projects, we are providing a data set consisting of 6 protein targets, 647 compounds with biological affinities, and 82 crystal structures. Multiple congeneric series are available for several targets with a few representative crystal structures of each of the series. These series generally contain a few inactive compounds, usually not available in the literature, to provide an upper bound to the affinity range. The affinity ranges are typically 3−4 orders of magnitude per series. For our in-house projects, we have had compounds synthesized for biological testing. Affinities were measured by Thermofluor, Octet RED, and isothermal titration calorimetry for the most soluble. This allows the direct comparison of the biological affinities for those compounds, providing a measure of the variance in the experimental affinity. It appears that there can be considerable variance in the absolute value of the affinity, making the prediction of the absolute value ill-defined. However, the relative rankings within the methods are much better, and this fits with the observation that predicting relative ranking is a more tractable problem computationally. For those in-house compounds, we also have measured the following physical properties: logD, logP, thermodynamic solubility, and pK a . This data set also provides a substantial decoy set for each target consisting of diverse conformations covering the entire active site for all of the 58 CSAR-quality crystal structures. The CSAR data sets (CSAR-NRC HiQ and the 2012 release) provide substantial, publically available, curated data sets for use in parametrizing and validating docking and scoring methods.
■ INTRODUCTION
The Community Structure Activity Resource (CSAR) was created to provide better, more reliable, and consistent data that will allow the scientific community to improve their tools for docking and scoring. 1−4 In engineering, 5, 6 there are thousands of tables of data, meticulously created, that allow engineers to design on paper (or computer) the vast array of items we see today. Computer-aided design uses this data to correctly design power plants, bridges, packaging material, cars, planes, etc. However, the docking and scoring community cannot provide the same accuracy because we lack the appropriate data.
To help provide for this critical need, CSAR is gathering data from industrial sources augmented with data from the literature and academic laboratories. CSAR has currently obtained data from Abbott, GlaxoSmithKline, and Vertex and is working to obtain data from several others. We are most interested in two types of data sets:
1. Comprehensive sets: Targets with compounds that span 3−8 orders of magnitude in binding (K i , K a , K d , or IC 50 , no percent inhibition data) also with at least one crystal structure for the series. Some inactives in the series are also needed to help complete the compound set.
Activity cliffs (ideally within the comprehensive sets):
Pairs of compounds where minimal changes in a ligand result in dramatic changes in binding (either a loss of activity or significant improvement) with affinity data and a crystal structure in the series of the pairs of compounds. These pairs would be characterized by a change of ∼3 or more in the pIC 50 (or pK i , etc.) resulting from a change in 1−3 non-hydrogen atoms.
Another goal of CSAR is to help establish appropriate statistical evaluations and incorporate appropriate limits (error bars) for the biophysical measurements. How should one compare the predicted affinity for a given method (or across computational methods) to the experimental data? What are the appropriate statistical methods to employ? How should one compare a docking pose to a crystal structure?
A third goal is to provide a standard for determining what constitutes a quality data set. Affinities cannot be predicted to a precision greater than that of the actual experimental measurements. One of the characteristics of a high quality data set is to include multiple measures of affinity from multiple techniques to provide a means of assessing the overall variance in the affinities. For data sets worked on in-house by CSAR, each individual affinity has the standard error of measurement included. The affinity values are the average of at least three individual measurements and often more. Conditions used across multiple biophysical methods are kept as consistent as possible. This includes items such as pH, buffer, DMSO concentration, protein sequence, and personnel. This removes as many sources of variation as possible. The physical properties of the small molecules were measured by the sole source, WuxiAppTec. These are thermodynamic solubility, logP (pH 11), logD (pH 7.4), and pK a for the compounds used in the in-house biophysical assays.
As part of its function, the CSAR center also runs benchmarking exercises to aid in stimulating growth in the field. This year, the 2012 Benchmark Exercise is based on four targets: Urokinase, Chk1, ERK2, and LpxC (Pseudomonas aeruginosa). The exercise was conducted in two parts: pose prediction of blinded crystal data and predicting rank-order affinity. Each system had a range of affinities, and all but ERK2 contained known inactives.
Previously, we investigated how the current publically available crystal structures could work toward achieving these goals. To this end, we created the CSAR-NRC HiQ data set that is comprised of 343 complexes from the PDB 7,8 as of 2008. This was the origin of the crystal quality metrics currently employed by CSAR and has extensive input from Gregory Warren (Openeye Scientific Software) and Traian Sulea (National Research Council Canada). This data set has been vetted by many organizations worldwide, and any appropriate modifications have been implemented. All of the entries have been setup in a consistent fashion, ready for docking studies. The CSAR-NRC HiQ set contains 52 protein targets with 2 or more structures (9 targets have 4 or more entries) and 191 targets with a single entry. We are currently updating the set to include appropriate PDB structures from 2008 to 2011.
There are a few comparable crystallography-based data sets found in the literature. One is from CCDC/Astex 9 comprised of only 85 diverse protein−ligand PDB complexes that have drug-like small molecules, and all targets are represented only once. This data set is not currently being augmented or updated. A new data set generated by Openeye called Iridium 10 has just been released. It began as the compilation of several literature sets (includes GlideXP, 11 CCDC/Astex, 9 Vertex set, 12 Gold 13 ) numbering 728 PDB complexes. This was reduced to a set of 233 complexes by requiring structure factor data be available. Of these, 121 were considered Highly Trustworthy, 104 were considered Mildly Trustworthy, and the remainder (8) are considered Untrustworthy. The criteria for the Highly Trustworthy are very similar to the requirements of the CSAR. SERAPhic 14 is another data set aimed at the niche of fragmentbased design work. It is a very small data set of 53 complexes from the existing literature. All of these data sets are, to our knowledge, currently static or being reduced in size.
Another aspect of quality data is the variance in the experimental data itself. Stouch 15 has commented in a recent paper on the error in calculated energies, which could be as large as the entire useable range of drug discovery. He highlights the need to understand this error and provide confidence limits for the output. These concepts need to be extended to include a similar analysis of variation in the experimental affinitieswhat really is the "true" affinity (value ± error) that we are trying to predict? A recent paper by Shivakumar 16 et al. has found that even using the newest version of OPLS (2.0), 26 of 239 compounds have an average unsigned error (AUE) of between 1.0 and 1.2 kcal/mol in the calculation of the absolute solvation free energies, and around 100 compounds have an AUE between ∼0.6 and 1.2 kcal/mol. There is 0.5 to 1 pK unit of error for a major portion of the set. As this is only one part of the complete free energy (ΔG bind ) of binding, the AUE should increase to 1 or greater pK units. Historically scientists have worked with a single affinity value and not taken into account the variance that is associated with the measured value. Recently, there has been more attention paid to estimating and understanding what the variance in the affinity 17−19 could be, and the best predictions that could be done may be to ∼1 pK unit of variance.
In More studies such as these are needed to be able to appropriately assess the error or variation in the affinity data. CSAR addressed this issue in our in-house data sets by measuring the affinity by multiple biophysical methods: ITC, ThermoFluor, and Octet RED. 24, 25 This second release of data from CSAR can be found at the following: http://www.csardock.org/MainContent.jsp?page= DataSet.jsp. 26 Below, we outline the selection criteria used to choose data from industrial sources and the subsequent set up of the ligands and proteins for docking and scoring. The full release of the data is described, and the selection of a subset for the 2012 Exercise is explained.
■ METHODS Crystallographic Criteria. CSAR has a series of metrics for assessing the quality and suitability of crystal structures for a high quality data set based on a combination of our own experiences 27 and work in the literature. CSAR has adopted the new validation tools used in the PDB. 28 The work of Warren 10 et.al. has influenced a number of our criteria, for example, real space r (RSR) and real space correlation coefficient (RSCC). The CSAR metrics involve comprehensive criteria for assessing the diffraction data, protein structure, and small molecule structure. The criteria that CSAR uses for a CSAR-quality crystal structure is given in Table 1 . We use the EDS server 29 in
Uppsala to calculate the RSR and RSCC values. The criteria are not blindly applied, and we do a detailed visual inspection of the density and structures to ensure quality. Selection of the CSAR Data Set. The CSAR center has been collecting and curating data from pharmaceutical companies primarily. Some companies choose to compile their own data sets using our criteria, and others welcome our assistance, having us onsite to perform the analysis and selection. Donated crystal data include the refined or partially refined structure coordinate file, structure factor files or .mtz files, and log file of the scaled diffraction data to assess the quality of the diffraction data. These allow the community to verify the quality of the structures. Crystal structures fall into two general categories: CSAR quality and PDB_only. CSAR quality structures have passed all the stringent criteria listed in Table 1 and are included in the online data set for download. CSAR-quality structures are deposited in the PDB. Structures that do not meet the stringent criteria are deposited in the PDB only, hence the designation PDB_only, and are not included in the online set for download. The CSAR center works closely with the company to be sure that all parties are in agreement on the depositions to the PDB and appropriate authorship and acknowledgments are included. We encourage the company to provide unpublished data, including inactive compounds and any activity cliffs. Any form of additional data such as counter assays, measured physical properties, or multiple measurements of affinity are also very beneficial. For internal review and legal release authorization, the company usually treats their data set(s) in the same manner as an external peer reviewed publication, and once approved, an agreement releasing the data for public use is signed.
When a representative from CSAR goes to the company and selects the compounds and finds all the relevant crystal data, a confidentiality agreement is signed in advance. Again, mutual agreement on the selected data is critical. We wish to thank Abbott in particular for generously allowing us to mine their data for submission to CSAR. CSAR canvasses the literature for what targets the company has previously published, including crystal structures, to help reduce the workload on the corporate scientists and make deposition as easy as possible. Once a set of viable targets has been selected, CSAR then extracts the known compounds and affinity data for what has been published on those targets from data sources such as ChemBL 20 and BindingDB. 30 Irrespective of who actually published the data, it will be used at the corporate site to compare the compounds the company has with what is already published so that new unpublished data is gleaned. If a crystal structure is unpublished, but the affinity of the small molecule has been, it is still included as valuable information. Inactive compounds and activity cliffs are also sought for each series. We can, and do, finish structures for companies; often in industry, structures are taken just far enough along to confirm a hypothesis and not fully refined. We can complete the refinement so the company and the community benefit.
Approximately 50 active compounds and 10 inactive ones per series are chosen to provide reasonable coverage of properties and affinities. We often receive much more than 50 compounds per series. Typically, a company has a couple of thousand ligands to choose from. To choose the representative subset, we use recursive partitioning 31 based on the negative log of the affinity versus calculated physical properties: number of hydrogen-bond donors, hydrogen-bond acceptors, number of rotatable bonds, molecular weight, and topological surface area. We split the full set until the log worth has reached its set point (JMP 31 default) or there are no more than five compounds in each individual leaf. This allows us to classify and bin the compounds in a logical fashion using relevant variables. Using this binning in conjunction with visualization of a distribution analysis, we make initial selections in the spreadsheet and then tailor those selections to obtain a more even distribution across the given calculated properties (Figure 1 ). In-House Projects. The CSAR center has also pursued our own in-house effort to compile data sets. Octet RED 25 and nanoITC 32 are preferred for obtaining affinity, kinetic, and thermodynamic information. We also use a ThermoFluor system (thermal stability assay) to measure affinity. By having three different biophysical techniques used by the same personnel at the same lab maintaining the conditions as similarly as possible, the variance should be low, and the affinities produced should be as accurate as possible. Measurements are made in triplicate or more for each K d value, and we have gone as high as 16 to obtain an adequate assessment of the variance. Ligands have been synthesized by the University of Michigan Vahlteich Medicinal Chemistry Core 33 and WuxiApptec. 34 WuxiApptec also measured the physical properties of all the compounds used in our internal efforts. The properties measured for the compounds are thermodynamic solubility, logD (pH 7.4), logP (pH 11) and pK a values. Protein production and crystallography are done by CSAR staff.
Protein−Ligand Complexes and Docking Decoys. As noted above, all CSAR-quality crystal structures are set up for docking and scoring. We also chose to generate a diverse set of decoy binding poses using DOCK 35−38 (version 6.5) for all 58 ligands. The negative image of a molecular surface was generated using the SPHGEN 39 utility, and the binding site was represented by all the spheres within 12 Å of any ligand atom (in five complexes, it was increased to 15 Å due to large ligand size). The potential grid was precalculated using the GRID program with a grid spacing of 0.3 Å and with additional 3 Å boundaries in each direction of the grid. Flexible ligand docking was applied using the anchor-and-grow algorithm. 36 The default set of parameters were used, and DOCK 35−38 poses were clustered with a 1.0 Å cutoff. In order to provide sufficient sampling, the maximum number of orientations was set to 2000; however, varying number of poses (∼200−1800) were obtained for different systems.
A diverse set of 200 poses (in terms of RMSD) was selected using the ranking obtained from the "Diverse Subset" utility in MOE 2011. 10 . 40 Initially, poses were visually inspected, and poses outside the binding side or scored very low (>0 kcal/mol, if total number of poses were at least 200) were removed. For analysis, the symmetry-corrected RMSD between ligand poses was calculated using the SVL script provided by support scientists at the Chemical Computing Group. 40 At least one near-native pose (RMSD < 1.0 Å) was found for all systems except for six Chk1 cases (ring−urea−ring series). The nearnative poses for these six cases were obtained by rigid ligand docking using DOCK 35−38 and are included in their decoy sets. To make the clear distinction between the right and the wrong decoy poses, all the poses with RMSD < 2 Å were discarded except for one near-native pose (RMSD < 1.0 Å). Table 2 summarizes the data set we have just released. These targets have, in general, multiple series with crystal structures and inactive compounds for each series. Inactive compounds are rarely published in the literature, and the CSAR center makes a point to obtain inactive compounds for every series that it can. The download site contains all of the details of the available protocols, crystal structures, SMILES strings, thermodynamic values where possible, affinities, and error estimates (when possible), along with the measured physical properties also when available. The PDB codes for all the structures and the designations (i.e., CSAR quality) are also given.
■ RESULTS AND DISCUSSION
Chk1 from Abbott has 106 crystal structures in the PDB. Of these, CSAR has deposited 30 new structures and one rerefined structure from the Abbott Chk1 submission (19 CSAR-quality structures). To place this in perspective, the CSAR-NRC data set has all the high quality crystal structures from the PDB up to 2008, and it contained only six PDB ids for the EC 2.7.11.1, which includes Chk1. There are eight structures for a new 7− 6−7 ring system core that had no examples in the PDB previously, and 12 new structures augmenting a second series (6−5−5 ring system) to two existing structures for this second series. In a third series (ring−urea−ring series), six new structures have been added to the PDB to augment the four existing structures.
Urokinase has 301 structures in the PDB with four to be released. The CSAR-NRC HiQ data set contained only 10 PDB ids for EC 3.4.21.73, which includes urokinase. CSAR has added nine new structures (seven CSAR quality) and rerefined three additional ones from the Abbott submission. Notably, in the new structures added and in the three rerefined ones, a succinic acid molecule in close proximity to the ligand was identified. These were not identified in the existing structures, but most likely, they were present in all 10 prior structures.
Erk2 has 54 structures in the PDB, and of these, 42 have small molecule inhibitors. Very few met CSAR-quality metrics. In fact, the CSAR-NRC HiQ data set contained only three PDB ids for EC 2.7.11.24, which includes erk2. There are 14 CSARdeposited structures from the Vertex submission (12 CSAR quality) filling out a diverse combination of five and six member rings or 5−6 ring systems in the series.
LpxC from Pseudomonas aeruginosa, a CSAR internal project, has four crystal structures in the PDB. The CSAR-NRC HiQ data set contained no LpxC crystal structures. CSAR has submitted five additional CSAR-quality crystal structures from our own work. The compounds were synthesized at the Vahlteich Medicinal Chemistry Core 33 at the University of Michigan. See Supporting Information for the protocols the CSAR center used for the affinity assays.
CDK2 and CDK2-cyclinA, two CSAR internal projects, were used as an example of a kinase (a popular target class) and as a project to assess the effect of the coactivator cyclinA. The CSAR-NRC data set contained only two PDB ids for EC 2.7.11.22, which includes CDK2. Using these two systems, we have added 21 crystal structures to the PDB (16 CSAR quality) and have kinetic data from three sources (Thermofluor, ITC, and Octet RED). We also created a tethered cyclinA-CDK2 complex, so that we were able to get the kinetic data for ligand binding without the protein−protein binding skewing the data from the Octet RED. See Supporting Information for the protocols the CSAR Center used for the affinity assays.
We created a "Known Kinase Inactives" set. The set is a library of 85 compounds purchased from Chembridge 41 that has passed a pharmacophore search for a general ATP−kinase binding site. CSAR chose the compounds that were within 77− 90% similar to known kinase inhibitors (found in PubChem 42 at the time of order). All compounds are chemically plausible as kinase inhibitors and experimentally tested to confirm inactivity with CDK2 and CDK2-cyclinA. Our protocol is to test this set against every kinase (or ATP-binding site) that CSAR works on internally. This provides us with a consistent set of inactives across similar binding sites. If any compound is active against a future target, of course, it will be included as an active and removed from the inactives list for that target. The physical properties for the 85 compounds have been measured (logD, solubility, etc.) and are available in the data set download. This set has only been tested against CSAR in-house projects.
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In total, the current release of CSAR data comprises 647 compounds, 6 targets, and 82 crystal structures deposited in the PDB (59 are CSAR quality). There are inactive compounds for each series except for erk2, and we are working with Vertex to obtain some. For the in-house projects, we have measured pK a , solubility, thermodynamic data, logD, and logP data and measured affinity using three different biophysical methods. See Figure 2 for a representative set of ligands contained in the data set.
Docking and Scoring Structures, Including Decoys. The data set also contains the compounds and crystal structures set up in a consistent fashion, including the protonation and tautomeric state, ready for docking and scoring. We have created decoy sets of ligand poses for the six protein targets (58 complexes) in the current CSAR benchmark. This provides test sets for scoring functions by decoupling the scoring problem from the sampling problem. Decoy sets are also available for all the structures of the CSAR-NRC HiQ benchmark release, 18 which were provided by Prof. Xiaoqin Zou's group. 43 In the decoy sets for the second benchmark release, we have ensured that the decoys fully cover the binding site, are diverse in their poses, and include exactly one near-native pose. There is clearly diversity within the poses, yet clearly one correct answer. Figure 3 shows the distribution of RMSDs between the decoy poses and the native pose for each of the six targets. A normal distribution with RMSD ranging from 1 to 22 Å and peaks of ∼10−15 Å can be seen for the different targets. As per the design, only one near-native pose (RMSD < 1.0 Å) and no pose in the 1−2 Å range is evident in the distribution plots. This makes a clear distinction between the near-native pose and other decoy poses in evaluating scoring functions. We acknowledge that the set may be biased by the force field used, and users should determine whether their methods will be significantly affected. Minimization of the ligand with a rigid protein may be necessary in some cases. Figure 4 gives the distribution of RMSDs between the decoy poses themselves. Overall, positively skewed normal distributions are seen for the different targets, with RMSD values as large as 35 Å, peaking at ∼9−10 Å. A very small number (on average ∼0.25%) of RMSD values lies in the 1 and 2 Å bins, which indicates that the decoy sets are distinct from each other just like they are distinct from the crystal pose. The differences in the overall distribution in different targets reflect the differences in the shape of the binding pockets. For example, LpxC shows a bimodal distribution with a major mode of ∼10 Å and a minor mode of ∼22 Å. This is caused by the binding pocket having two distinct openings. A representative structure from each target overlaid with the native and decoy poses is shown in Figure 5 , What Is the Affinity? One of the goals of the CSAR center is to provide multiple measurements from multiple biophysical methods in order to assess the variation in affinity data. The vast majority of affinity values in the literature are from a single measurement, which makes it difficult to assess the accuracy of a docking and scoring method. There are a large number of possible assays and conditions that the system is amenable to, and it is best to measure affinity under many different conditions in order to know the true value and its variance. If the affinity value is consistent between assay methods, an important source of uncertainty has been removed. In the literature, data like this is frequently given when scientists develop new assay methods and equipment, publishing studies on comparing the new technique to established methods. The hsp90 TSA study by Matulis 23 and carbonic anhydrase SPR project by Myszka, 21 mentioned earlier in the manuscript, have shown good correspondence with ITC measurements. While these two studies showed good agreement, some do not. A carbonic anhydrase study from Jecklin, et al. 44 showed that most of the compounds K d values correlated well by the three methods, but a few of the compounds did not correlate well at all. This behavior seemed to be compound specific.

CSAR is using three biophysical methods allowing comparison of ThermoFluor, OctetRed, and ITC data to examine the variance across the methods. CDK2 is CSAR's inhouse system with the most data to date. Each individual data point, for each method, is an average of a minimum of three K d measurements per method. In general, our affinities have a relatively low standard error of measurement. Additionally, each experiment has been performed to the best of our ability in conditions as identical as possible. Even given all the effort to keep the individual variance in the data low, the correlation of the K d values from ThermoFluor (TSA) with those from the Octet RED has an R 2 of about 0.4. While the correlation is positive, we would have liked to see better agreement in the absolute values of the measured affinity. Often in the literature, when an affinity value is double checked by another technique, that affinity value is compared to one measured by ITC. If we choose the K d values from our ITC measurements as our "gold standard" for comparison, the Spearman ρ for ITC to TSA is 0.77 and for ITC to Octet RED is 0.83. For comparison, the Spearman ρ for TSA to Octet RED is 0.59. Spearman ρ is an appropriate statistic for examining relative ranking, as opposed to the absolute value correlation discussed previously. The relative rankings of both ThermoFluor to ITC and Octet RED to ITC are reasonably correlated. See Figure 6 for details of the multivariate analysis of the data. An unfortunate limitation is few ITC data to compare to other methods. Though it is considered a gold standard, ITC is not amenable to all targets and ligands. ITC has a narrower affinity range than TSA, SPR, or Octet RED, and it is more sensitive to solubility problems associated with typical drug-like compounds. This limits the number of affinities that can be determined by the method. In our case, the number of ITC measurements for CDK2 is only six, and if one wanted to use the most appropriate K d values from another method, it would appear that those from the Octet RED would be best based on Spearman ρ value.
In the CDK2 study, we are using techniques that have fundamental differences in how they measure affinity. Octet RED uses immobilized protein, and ThermoFluor utilizes a change in temperature. It appears that in some instances (apparently compound/target specific), the measured affinities do not correlate well. As part of this analysis, we have looked for any possible explanation that could account for the differences in measured physical properties, but we have not identified any factors that would explain the affinity differences. It may be prudent to validate and parametrize docking methods using only affinity data that correlate well between multiple biophysical methods.
The CDK2-cyclinA data we have obtained would indicate that most but not all compounds bind even tighter than with CDK2 alone. Interestingly, we were unable to get a crystal structure for one of the compounds (CS17) bound to CDK2, despite a pK d of 5.1 in ThermoFluor and 7.3 in Octet RED (the largest variance in pK d for all the compounds). While it may be solubility related, CS17's solubility was no worse than other compounds for which we were able to get crystal structures.
This indicates that there can be considerable variation in the data between methods, even when great care is taken to do the measurements as similarly as possible. Looking at the SEM values, each individual data point is low. On the basis of comparison with the other methods we employed, Octet RED tends to give a slightly lower K d that the ThermoFluor or ITC for this set of compounds and for this target. All of the affinity data and SEM data is in the spreadsheets contained in the download set on the CSAR Web site (www.csardock.org). We are working on hsp90 and currently have ITC measurements for 18 compounds and 27 compounds for which we are obtaining ThermoFluor and Octet RED K d data. This will provide another system for comparison allowing us to identify if the variance may be target dependent or dependent on the methods employed. If the variance is target and/or compound dependent, as may well be the case given the results of the 2012 exercise by Damm-Ganamet, et.al. 45 , then it may be wise to parametrize and validate with the targets that have the least variation in affinity data by multiple methods. Experiments are considered to be the gold standard, and computational methods can only be as good as the underlying data. Understanding and working within the variance of the data is critical to parametrizing and evaluating the performance of our methods. Selection of Exercise Data Set. The data set used for the 2012 exercise was selected from the larger data set described above. A subset of 122 ligands (total for all four targets) was created to make the docking and scoring possible within the time constraints given to the participants. The release of the full data set was held until after the exercise was complete. The exercise had two parts: docking evaluation and affinity prediction. The chosen ligands, both active and inactive, were given to the participants as a file of SMILES strings. The participants were also told which crystal structure from the PDB would be the best to use. The data selected for the docking phase was comprised of all the unpublished CSARquality crystal structures. Fifteen of these unpublished crystal structures had a published affinity and were therefore not used in the analysis of the affinity prediction.
The subset employed in the affinity prediction, used compounds with unpublished affinity, were selected to cover as wide a range of affinity as possible. In one set, erk2, we did not have any examples of inactive compounds, so none were included. We targeted approximately 10 compounds per series per target as a reasonable number to predict based on the time frames involved for the exercise and on feedback from the community. The compounds were chosen in a similar fashion as the larger data set: utilizing recursive partitioning with the same properties and manual selection visualized in a distribution analysis (Figure 1 ). See the Supporting Information for the 2012 exercise subset. The results of the CSAR center's analysis of the 2012 exercise is presented in an accompanying paper by DammGanamet, et.al. 45 Twenty participants worldwide used this data set and were asked to submit multiple methods in order to test a hypothesis of their choosing. Some participants present their work in this same issue.
■ CONCLUSION
The CSAR center has released its second major data set on 6 protein targets with 647 compounds and 82 crystal structures comprised of mostly industrial data. A representative set of compounds in the data set, one from each series, is depicted in Figure 2 . The in-house systems included in this release have multiple K d measurements from multiple methods along with measured physical properties (solubility, logD, logP, and pK a ) of the compounds. Additionally, there is a "Known Kinase Inactives" data set and an extensive docking decoy set for each of the 58 CSAR-quality crystal structures. In the docking decoy sets for this second benchmark release, we have ensured that the decoys fully cover the binding site, are diverse in their poses, and include some near-native poses (http://www. csardock.org/MainContent.jsp?page=DataSet.jsp). 26 For a future release, we are already processing data on five new targets from pharma. In addition, we are working on three targets inhouse (hsp90, urokinase, and chk1) to provide affinities from multiple biophysical methods. The measured physical properties for the ligands will also be available. We are continuing to work with pharma colleagues for more industrial data sets.
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